In this work, we apply Dirichlet Process Mixture Models (DPMMs) to a learning task in natural language processing (NLP): lexical-semantic verb clustering. We thoroughly evaluate a method of guiding DPMMs towards a particular clustering solution using pairwise constraints. The quantitative and qualitative evaluation performed highlights the benefits of both standard and constrained DPMMs compared to previously used approaches. In addition, it sheds light on the use of evaluation measures and their practical application.
Introduction
Bayesian non-parametric models have received a lot of attention in the machine learning community. These models have the attractive property that the number of components used to model the data is not fixed in advance but is actually determined by the model and the data. This property is particularly interesting for NLP where many tasks are aimed at discovering novel, previously unknown information in corpora. Recent work has applied Bayesian non-parametric models to anaphora resolution (Haghighi and Klein, 2007) , lexical acquisition (Goldwater, 2007) and language modeling (Teh, 2006) with good results.
Recently, Vlachos et al. (2008) applied the basic models of this class, Dirichlet Process Mixture Models (DPMMs) (Neal, 2000) , to a typical learning task in NLP: lexical-semantic verb clustering. The task involves discovering classes of verbs similar in terms of their syntactic-semantic properties (e.g. MOTION class for travel, walk, run, etc.). Such classes can provide important support for other NLP tasks, such as word sense disambiguation, parsing and semantic role labeling (Dang, 2004; Swier and Stevenson, 2004) .
Although some fixed classifications are available (e.g. VerbNet (Kipper-Schuler, 2005 )) these are not comprehensive and are inadequate for specific domains (Korhonen et al., 2006b) .
Unlike the clustering algorithms applied to this task before, DPMMs do not require the number of clusters as input. This is important because even if the number of classes in a particular task was known (e.g. in the context of a carefully controlled experiment), a particular dataset may not contain instances for all the classes. Moreover, each class is not necessarily contained in one cluster exclusively, since the target classes are defined manually without taking into account the feature representation used. The fact that DPMMs do not require the number of target clusters in advance, renders them promising for the many NLP tasks where clustering is used for learning purposes.
While the results of Vlachos et al. (2008) are promising, the use of a clustering approach which discovers the number of clusters in data presents a new challenge to existing evaluation measures. In this work, we investigate optimal evaluation for such approaches, using the dataset and the basic method of Vlachos et al. as a starting point. We review the applicability of existing evaluation measures and propose a modified version of the newly introduced V-measure (Rosenberg and Hirschberg, 2007) . We complement the quantitative evaluation with thorough qualitative assessment, for which we introduce a method to summarize samples obtained from a clustering algorithm.
In preliminary work by Vlachos et al. (2008) , a constrained version of DPMMs which takes advantage of must-link and cannot-link pairwise constraints was introduced. It was demonstrated how such constraines can guide the clustering solution towards some prior intuition or considerations relevant to the specific NLP application in mind. We explain the inference algorithm for the constrained DPMM in greater detail and evaluate quantita-tively the contribution of each constraint type of independently, complementing it with qualitative analysis. The latter demonstrates how the pairwise constraints added affects instances beyond those involved directly. Finally, we discuss how the unsupervised and the constrained version of DPMMs can be used in a real-world setup.
The results from our comprehensive evaluation show that both versions of DPMMs are capable of learning novel information not in the gold standard, and that the constrained version is more accurate than a previous verb clustering approach which requires setting the number of clusters in advance and is therefore less realistic.
Unsupervised clustering with DPMMs
With DPMMs, as with other Bayesian nonparametric models, the number of mixture components is not fixed in advance, but is determined by the model and the data. The parameters of each component are generated by a Dirichlet Process (DP) which can be seen as a distribution over the parameters of other distributions. In turn, each instance is generated by the chosen component given the parameters defined in the previous step:
In Eq. 1, G 0 and G are probability distributions over the component parameters (θ), and α > 0 is the concentration parameter which determines the variance of the Dirichlet process. We can think of G as a randomly drawn probability distribution with mean G 0 . Intuitively, the larger α is, the more similar G will be to G 0 . Instance x i is generated by distribution F , parameterized by θ i . The graphical model is depicted in Figure 1 .
The prior probability of assigning an instance to a particular component is proportionate to the number of instances already assigned to it (n −i,z ). In other words, DPMMs exhibit the "rich get richer" property. In addition, the probability that a new cluster is created is dependent on the concentration parameter α. A popular metaphor to describe DPMMs which exhibits an equivalent clustering property is the Chinese Restaurant Process (CRP). Customers (instances) arrive at a Chinese restaurant which has an infinite number of tables (components). Each customer sits at one of the tables that is either occupied or vacant with popular tables attracting more customers. In this work, the distribution used to model the components is the multinomial and the prior used is the Dirichlet distribution (F and G 0 in Eq. 1). The conjugacy between them allows for the analytic integration over the component parameters. Following Neal (2000) , the component assignments z i are sampled using the following scheme:
In Eq. 2 DirM is the Dirichlet-Multinomial distribution, λ are the parameters of the Dirichlet prior G 0 and x −i,z are the instances assigned already to component z (none if we are sampling the probability of assignment to a new component). This sampling scheme is possible due to the fact that the instances in the model are exchangeable, i.e. the order in which they are generated is not relevant. In terms of the CRP metaphor, we consider each instance x i as the last customer to arrive and he chooses to sit together with other customers at an existing table or to sit at a new table. Following Navarro et al. (2006) who used the same model to analyze individual differences, we sample the concentration parameter α using the inverse Gamma distribution as a prior.
Evaluation measures
The evaluation of unsupervised clustering against a gold standard is not straightforward because the clusters found are not explicitly labelled. Formally defined, an unsupervised clustering algorithm partitions a set of instances X = {x i |i = 1, ..., N } into a set of clusters K = {k j |j = 1, ..., |K|}. The standard approach to evaluate the quality of the clusters is to use an external gold standard in which the instances are partitioned into a set of classes C = {c l |l = 1, ..., |C|}. Given this, the goal is to find a partitioning of the instances K that is as close as possible to the gold standard C.
Most work on verb clustering has used the Fmeasure or the Rand Index (RI) (Rand, 1971) for evaluation, which rely on counting pairwise links between instances. However, Rosenberg and Hirschberg (2007) pointed out that F-measure assumes (the missing) mapping between c l and k j . In practice, RI values concentrate in a small interval near 100% (Meilȃ, 2007) . Rosenberg & Hirschberg (2007) proposed an information-theoretic metric: V-measure. Vmeasure is the harmonic mean of homogeneity and completeness which evaluate the quality of the clustering in a complementary way. Homogeneity assesses the degree to which each cluster contains instances from a single class of C. This is computed as the conditional entropy of the class distribution of the gold standard given the clustering discovered by the algorithm, H(C|K), normalized by the entropy of the class distribution in the gold standard, H(C). Completeness assesses the degree to which each class is contained in a single cluster. This is computed as the conditional entropy of the cluster distribution discovered by the algorithm given the class, H(K|C), normalized by the entropy of the cluster distribution, H(K). In both cases, we subtract the resulting ratios from 1 to associate higher scores with better solutions:
The parameter β in Eq. 3 regulates the balance between homogeneity and completeness. Rosenberg & Hirschberg set it to 1 in order to obtain the harmonic mean of these qualities. They also note that V-measure favors clustering solutions with a large number of clusters (large |K|), since such solutions can achieve very high homogeneity while maintaining reasonable completeness. This effect is more prominent when a dataset includes a small number of instaces for gold standard classes. While increasing |K| does not guarantee an increase in V-measure (splitting homogeneous clusters would reduce completeness without improving homogeneity), it is easier to achieve higher scores when more clusters are produced. Another relevant measure is the Variation of Information (VI) (Meilȃ, 2007) . Like V-measure, it assesses homogeneity and completeness using the quantities H(C|K) and H(K|C) respectively, however it simply adds them up to obtain a final result (higher scores are worse). It is also a metric, i.e. VI scores can be added, subtracted, etc, since the quantities involved are measured in bits. However, it can be observed that if |C| and |K| are very different then the terms H(C|K) and H(K|C) will not necessarily be in the same range. In particular, if |K| |C| then H(K|C) (and V I) will be low. In addition, VI scores are not normalized and therefore their interpretation is difficult.
Both V-measure and VI have important advantages over RI and F-measure: they do not assume a mapping between classes and clusters and their scores depend only on the relative sizes of the clusters. However, V-measure and VI can be misleading if the number of clusters found (|K|) is substantially different than the number of gold standard classes (|C|). In order to ameliorate this, we suggest to take advantage of the β parameter in Eq. 3 in order to balance homogeneity and completeness. More specifically, setting β = |K|/|C| assigns more weight to completeness than to homogeneity in case |K| > |C| since the former is harder to achieve and the latter is easier when the clustering solution has more clusters than the gold standard has classes. The opposite occurs when |K| < |C|. In case |K| = |C| the score is the same as the original V-measure. Achieving 100% score according to any of these measures requires correct prediction of the number of clusters.
In this work, we evaluate our results using the three measures described above (V-measure, VI, V-beta). We complement this evaluation with qualitative evaluation which assesses the potential of DPMMs to discover novel information that might not be included in the gold standard.
Experiments
To perform lexical-semantic verb clustering we used the dataset of Sun et al. (2008) . It contains 204 verbs belonging to 17 fine-grained classes in Levin's (1993) taxonomy so that each class contains 12 verbs. The classes and their verbs were selected randomly. The features for each verb are its subcategorization frames (SCFs) and associated frequencies in corpus data, which capture the syntactic context in which the verb occurs. SCFs were extracted from the publicly available VALEX lexicon (Korhonen et al., 2006a) . VALEX was acquired automatically using a domain-independent statistical parsing toolkit, RASP (Briscoe and Carroll, 2002) , and a classifier which identifies verbal SCFs. As a consequence, it includes some noise due to standard text processing and parsing errors and due to the subtlety of argument-adjunct distinction. In our experiments, we used the SCFs obtained from VALEX1, parameterized for the prepositional frame, which had the best performance in the experiments of Sun et al. (2008) . The feature sets based on verbal SCFs are very sparse and the counts vary over a large range of values. This can be problematic for generative models like DPMMs, since a few dominant features can mislead the model. To reduce the sparsity, we applied non-negative matrix factorization (NMF) (Lin, 2007) which decomposes the dataset in two dense matrices with non-negative values. It has proven useful in a variety of tasks, e.g. information retrieval (Xu et al., 2003) and image processing (Lee and Seung, 1999) .
We use a symmetric Dirichlet prior with parameters of 1 (λ in Equation 2). The number of dimensions obtained using NMF was 35. We run the Gibbs sampler 5 times, using 100 iterations for burn-in and draw 20 samples from each run with 5 iterations lag between samples. Table 1 shows the average performances. The DPMM discovers 37.79 verb clusters on average with its performance ranging between 53% and 58% depending on the evaluation measure used. Homogeneity is 4.5% higher than completeness, which is expected since the number of classes in the gold standard is 17. The fact that the DPMM discovers more than twice the number of classes is reflected in the difference between the V-measure and V-beta, the latter being lower. In the same table, we show the results of Sun et al. (2008) , who used pairwise clustering (PC) (Puzicha et al., 2000) which involves determining the number of clusters in advance.
The performance of the DPMM is 1%-3% lower than that of Sun et al. As expected, the difference in V-measure is smaller since the DPMM discovers a larger number of clusters, while for VI it is larger. The slightly better performance of PC can be attributed to two factors. First, the (correct) number of clusters is given as input to the PC algorithm and not discovered like by the DPMM. Secondly, PC uses the similarities between the instances to perform the clustering, while the DPMM attempts to find the parameters of the process that generated the data, which is a different and typically a harder task. In addition, the DPMM has two clear advantages which we illustrate in the following sections: it can be used to discover novel information and it can be modified to incorporate intuitive human supervision.
Qualitative evaluation
The gold standard employed in this work (Sun et al., 2008) is not fully accurate or comprehensive. It classifies verbs according to their predominant senses in the fairly small SemCor data. Individual classes are relatively coarse-grained in terms of syntactic-semantic analysis 1 and they capture some of the meaning components only. In addition, the gold standard does not capture the semantic relatedness of distinct classes. In fact, the main goal of clustering is to improve such existing classifications with novel information and to create classifications for new domains. We performed qualitative analysis to investigate the extent to which the DPMM meets this goal.
We prepared the data for qualitative analysis as follows: We represented each clustering sample as a linking matrix between the instances of the dataset and measured the frequency of each pair of instances occurring in the same cluster. We constructed a partial clustering of the instances using only those links that occur with frequency higher than a threshold prob link. Singleton clusters were formed by considering instances that are not linked with any other instances more frequently than a threshold prob single. The lower the prob link threshold, the larger the clusters will be, since more instances get linked. Note that including more links in the solution can either in-crease the number of clusters when instances involved were not linked otherwise, or decrease it when linking instances that already belong to other clusters. The higher the prob single threshold, the more instances will end up as singletons. By adjusting these two thresholds we can affect the coverage of the analysis. This approach was chosen because it enables to conduct qualitative analysis of data relevant to most clustering samples and irrespective of individual samples. It can also be useful in order to use the output of the clustering algorithm as a component in a pipeline which requires a single result rather than multiple samples.
Using this method, we generated data sets for qualitative analysis using 4 sets of values for prob link and prob single, respectively: (99%, 1%), (95%, 5%), (90%, 10%) and (85%, 15%). Table 1 shows the number of a) verbs, b) clusters (2 or more instances) and c) singletons in each resulting data set, along with the percentage and size of the clusters which represent 1, 2, or multiple gold standard classes. As expected, higher threshold values produce high precision clusters for a smaller set of verbs (e.g. (99%,1%) produces 5 singletons and assigns 70 verbs to 20 clusters, 55% of which represent a single gold standard class), while less extreme threshold values yield higher recall clusters for a larger set of verbs (e.g. (85%,15%) produces 10 singletons and assigns 140 verbs to 25 clusters, 20% of which contain verbs from several gold standard classes).
We conducted the qualitative analysis by comparing the four data sets against the gold standard, SCF distributions, and WordNet (Fellbaum, 1998) senses for each test verb. We first analysed the 5-10 singletons in data sets and discovered that while 3 of the verbs resist classification because of syntactic idiosyncrasy (e.g. unite takes intransitive SCFs with frequency higher than other members of class 22.2), the majority of them (7) end up in singletons for valid semantic reasons: taking several frequent WordNet senses they are "too polysemous" to be realistically clustered according to their predominant sense (e.g. get and look).
We then examined the clusters, and discovered that even in the data set created with the lowest prob link threshold of 85%, almost half of the "errors" are in fact novel semantic patterns discovered by clustering. Many of these could be new sub-classes of existing gold standard classes. For example, looking at the 13 high accuracy clusters which correspond to a single gold standard class each, they only represent 9 gold standard classes because as many as 4 classes been divided into two clusters, suggesting that the gold standard is too coarse-grained. Interestingly, each such subdivision seems semantically justified (e.g. the 11.1 PUT verbs bury and immerse appear in a different cluster than the semantically slightly different place and situate).
In addition, the DPMM discovers semantically similar gold standard classes. For example, in the data set created with the prob link threshold of 99%, 6 of the clusters include members from 2 different gold standard classes. 2 occur due to syntactic idiosyncrasy, but the majority (4) Vlachos et al. (2008) introduced a constrained version of DPMMs that enables human supervision to guide the clustering solution when needed. We model the human supervision as pairwise constraints over instances, following Wagstaff & Cardie (2000) : given a pair of instances, they are either linked together (mustlink) or not (cannot-link). For example, charge and run should form a must-link if the aim is to cluster 51.3 MOTION verbs together, but they should form a cannot-link if we are interested in 54.5 BILL verbs. In the discussion and the experiments that follow, we assume that all links are consistent with each other. This information can be obtained by asking human experts to label links, or by extracting it from extant lexical resources. Specifying the relations between the instances results in a partial labeling of the instances. Such labeling is likely to be re-usable, since relations between the instances are likely to be useful for a wider range of tasks which might not have identical labels but could still have similar relations.
In order to incorporate the constraints in the DPMM, we modify the underlying generative process to take them into account. In particular mustlinked instances are generated by the same component and cannot-linked instances always by different ones. In terms of the CRP metaphor, customers connected with must-links arrive at the restaurant together and choose a table jointly, respecting their cannot-links with other customers. They get seated at the same table successively one after the other. Customers without must-links with others choose tables avoiding their cannot-links.
In order to sample the component assignments according to this model, we restrict the Gibbs sampler to take them into account using the sampling scheme of Fig. 2 . First we identify linked-groups of instances, taking into account transitivity 2 . We then sample the component assignments only from distributions that respect the links provided. More 2 If A is linked to B and B to C, then A is linked to C. specifically, for each instance that does not belong to a linked-group, we restrict the sampler to choose components that do not contain instances cannotlinked with it. For instances in a linked-group, we sample their assignment jointly, again taking into account their cannot-links. This is performed by adding each instance of the linked-group successively to the same component. In Fig. 2 , C i are the cannot-links for instance(s) i, are the indices of the instances in a linked-group, and z <i and x <i are the assignments and the instances of a linkedgroup that have been assigned to a component before instance i. 
Experiments using constraints
To investigate the impact of pairwise constraints on clustering by the DPMM, we conduct exper-iments in which the links are sampled randomly from the gold standard. The number of links varied from 10 to 50 and the random choice was repeated 5 times without checking for redundancy due to transitivity. All the other experimental settings are identical to those in Section 4. Following Wagstaff & Cardie (2000) , in Table 3 we show the impact of each link type independently (labeled "must" and "cannot" accordingly), as well as when mixed in equal proportions ("mix").
Adding randomly selected pairwise links is beneficial. In particular, must-links improve the clustering rapidly. Incorporating 50 must-links improves the performance by 7-8% according to the evaluation measures. In addition, it reduces the average number of clusters by approximately 4. The cannot-links are rather ineffective, which is expected as the clustering discovered by the unsupervised DPMM is more fine-grained than the gold standard. For the same reason, it is more likely that the randomly selected cannot-links are already discovered by the DPMM and are thus redundant. Wagstaff & Cardie also noted that the impact of the two types of links tends to vary across data sets. Nevertheless, a minor improvement is observed in terms of homogeneity. The balanced mix improves the performance, but less rapidly than the must-links.
In order to assess how the links added help the DPMM learn other links we use the Constrained Rand Index (CRI), which is a modification of the Rand Index that takes into account only the pairwise decisions that are not dictated by the constraints added (Wagstaff and Cardie, 2000; Klein et al., 2002) . We evaluate the constrained DPMM with CRI (Table 3 , bottom right graph) and our results show that the improvements obtained using pairwise constraints are due to learning links beyond the ones enforced.
In a real-world setting, obtaining the mixed set of links is equivalent to asking a human expert to give examples of verbs that should be clustered together or not. Such information could be extracted from a lexical resource (e.g. ontology). Alternatively, the DPMM could be run without any constraints first and if a human expert judges the clustering too coarse (or fine) then cannot-links (or must-links) could help, since they can adapt the clustering rapidly. When 20 randomly selected must-links are integrated, the DPMM reaches or exceeds the performance of PC used by Sun et al. (2008) according to all the evaluation measures. We also argue that it is more realistic to guide the clustering algorithm using pairwise constraints than by defining the number of clusters in advance. Instead of using pairwise constraints to affect the clustering solution, one could alter the parameters for the Dirichlet prior G 0 (Eq. 1) or experiment with varying concentration parameter values. However, it is difficult to predict in advance the exact effect such changes would have in the solution discovered.
Finally, we conducted qualitative analysis of the samples obtained constraining the DPMM with 10 randomly selected must-links. We first prepared the data according to the method described in Section 5, using prob link and prob single thresholds of 99% and 1% respectively. This resulted in 26 clusters and one singleton for 79 verbs. Recall that without constraining the DPMM these thresholds produced 20 clusters and 5 singletons for 70 verbs. 49 verbs are shared in both outputs, while the average cluster size is similar.
The resulting clusters are highly accurate. As many as 16 (i.e. 62%) of them represent a single gold standard class, 7 of which contain (only) the pairs of must-linked verbs. Interestingly, only 11 out of 17 gold standard classes are exemplified among the 16 clusters, with 5 classes subdivided into finer-grained classes. Each of these sub-divisions seems semantically fully motivated (e.g. 30.3 PEER verbs were subdivided so that peep and peek were assigned to a different cluster than the semantically different gaze, glance and stare) and 4 of them can be directly attributed to the use of must-links.
From the 6 clusters that contained members from two different gold standard classes, the majority (5) make sense as well. 3 of these contain members of must-link pairs together with verbs from semantically related classes (e.g. 37.7 SAY and 40.2 NONVERBAL EXPRESSION classes). 3 of the clusters that contain members of several gold standard classes include must-link pairs as well. In two cases must-links have helped to bring together verbs which belong to the same class (e.g. the members of the must-link pair broaden-freeze which represent 45.4 CHANGE OF STATE class appear now in the same cluster with other class members dampen, soften and sharpen). Thus, DPMMs prove useful in learning novel information taking into account pairwise constraints. Only 4 (i.e. 15%) of the clusters in the output examined are not meaningful (mostly due to the mismatch between the syntax and semantics of verbs).
Related work
Previous work on unsupervised verb clustering used algorithms that require the number of clusters as input e.g. PC, Information Bottleneck (Korhonen et al., 2006b ) and spectral clustering (Brew and Schulte im Walde, 2002) . In terms of applying non-parametric Bayesian approaches to NLP, Haghighi and Klein (2007) evaluated the clustering properties of DPMMs by performing anaphora resolution with good results.
There is a large body of work on semisupervised learning (SSL), but relatively little work has been done on incorporating some form of supervision in clustering. It is important to note that the pairwise links used in this work constitute a weak form of supervision since they cannot be used to infer class labels which are required for SSL. However, the opposite can be done. Wagstaff & Cardie (2000) employed must-links and cannotlinks to constrain the COBWEB algorithm, while Klein et al. (2002) applied them to complete-link hierarchical agglomerative clustering. The latter also studied how the added links affect instances not directly involved in them.
It can be argued that one could use clustering algorithms that require the number of clusters to be known in advance to discover interesting subclasses such as those discovered by the DPMMs. However, this would normally require multiple runs and manual inspection of the results, while DPMMs discover them automatically. Apart from the fact that fixing the number of clusters in advance restricts the discovery of novel information in the data, such algorithms cannot take full advantage of the pairwise constraints, since the latter are likely to change the number of clusters.
Conclusions -Future Work
In this work, following Vlachos et al. (2008) we explored the application of DPMMs to the task of verb clustering. We modified V-measure (Rosenberg and Hirschberg, 2007) to deal more appropriately with the varying number of clusters discovered by DPMMs and presented a method of agregating the generated samples which allows for qualitative evaluation. The quantitative and qualitative evaluation demonstrated that they achieve performance comparable with that of previous work and in addition discover novel information in the data. Furthermore, we evaluated the incorporation of constraints to guide the DPMM obtaining promising results and we discussed their application in a real-world setup.
The results obtained encourage the application of DPMMs and non-parametric Bayesian methods to other NLP tasks. We plan to extend our experiments to larger datasets and further domains. While the improvements achieved using randomly selected pairwise constraints were promising, an active constraint selection scheme as in Klein et al. (2002) could increase their impact. Finally, an extrinsic evaluation of the clustering provided by DPMMs in the context of an NLP application would be informative on their practical potential.
